Abstract-Mapping and monitoring changes in the distribution of cropland provide information that aids sustainable approaches to agriculture and supports early warning of threats to global and regional food security. This paper tested the capability of Phased Array type L-band Synthetic Aperture Radar (SAR) (PALSAR) multipolarization and polarimetric data for crop classification. L-band results were compared with those achieved with a C-band SAR data set (ASAR and RADARSAT-1), an integrated C-and L-band data set, and a multitemporal optical data set. Using all L-band linear polarizations, corn, soybeans, cereals, and hay-pasture were classified to an overall accuracy of 70%. A more temporally rich C-band data set provided an accuracy of 80%. Larger biomass crops were well classified using the PALSAR data. C-band data were needed to accurately classify low biomass crops. With a multifrequency data set, an overall accuracy of 88.7% was reached, and many individual crops were classified to accuracies better than 90%. These results were competitive with the overall accuracy achieved using three Landsat images (88.0%). L-band parameters derived from three decomposition approaches (Cloude-Pottier, Freeman-Durden, and Krogager) produced superior crop classification accuracies relative to those achieved using the linear polarizations. Using the Krogager decomposition parameters from all three PALSAR acquisitions, an overall accuracy of 77.2% was achieved. The results reported in this paper emphasize the value of polarimetric, as well as multifrequency SAR, data for crop classification. With such a diverse capability, a SAR-only approach to crop classification becomes increasingly viable.
agricultural production to support the reporting of national agricultural statistics and production forecasts, and effective early warning of famine. Clearly, satellites would provide a vital source of data to support such a global initiative. Specifically, data from synthetic aperture radars (SARs) are needed within this global agricultural monitoring framework, particularly in regions prone to persistent cloud cover.
The data collected by SARs are of interest within operational monitoring activities because these active microwave sensors can acquire data regardless of cloud cover. However, in addition to this oft-quoted advantage, SAR data provide complementary and unique characterization of vegetation relative to that achieved with optical imagery. Microwaves respond to the large-scale structural attributes of vegetation, including the size, shape, and orientation of leaves, stems, and fruits. The dielectric properties of the vegetation canopy also influence radar backscatter, and for crops, the planting density and row direction are also important factors. Vegetation structure and canopy water content vary as crops evolve through a series of phenological growth stages from vegetative to reproduction, seed development, and senescence. Exploiting these temporal changes is a key to identifying crops whether using data from optical or radar sensors.
When SAR data have been used to classify crops, multidimensional data sets (multitemporal, as well as multipolarization and/or multifrequency) have been essential. Attempts to separate crops using single-frequency and single-polarization radar data have been met with limited success even when the temporal changes in the structure and dielectric of the crop canopy are exploited. The radar response to the vegetation structure is polarization dependent, and improvements in crop classification accuracies have been quoted when multiple polarizations are available for crop classification [3] [4] [5] [6] [7] . However, McNairn et al. [8] reported that, even with access to a multitemporal and multipolarization (VV, VH, and HH) C-band data set created by integrating imagery from Envisat Advanced Synthetic Aperture Radar (ASAR) and RADARSAT-1, target classification accuracies of 85% could not be met without using at least one optical image. This conclusion was reached in an Agriculture and Agri-Food Canada (AAFC) research study that included classifications over multiple years and for several sites representing diverse cropping systems in Canada. Although a C-band SAR-only data set could not meet the target accuracy, the AAFC research found that the integration of C-band SAR in the classification boosted some individual crop accuracies and reduced the number of optical images required within the classifier.
Microwave frequency is inversely related to the depth of penetration into the canopy, and this depth determines the contribution of the various vegetation components, as well as the underlying soil, to radar backscatter. The scattering and attenuation of the microwaves by the leaves, stems, and fruits are dependent upon the radar wavelength, relative to the physical size of these vegetation components. Major crop classes have differing structures, both with respect to the total biomass and the size and shape of these canopy components. Consequently, canopies which appear to be similar at one frequency might be expected to have contrasting backscatter at a higher or lower frequency. Early ground-based scatterometer and airborne SAR research campaigns indeed describe improvements in vegetation discrimination using multifrequency data. Researchers reported that, relative to single-frequency data, higher crop classification accuracies are achieved using X-and C-bands [9] , X-, C-and L-bands [10] , [11] , as well as C-, L-, and P-bands [12] [13] [14] [15] . The advantage of a multifrequency data set for separating vegetation types has also been demonstrated using data acquired from multiple satellite platforms, specifically the European Remote Sensing (ERS) satellite (C-band) and Japanese Earth Resources Satellite (JERS) (L-band) [16] , [17] .
Recent satellite launches permit access to multitemporal sequences of multifrequency and multipolarization SAR data, covering large crop monitoring regions. With such a multidimensional data set, a SAR-only crop monitoring solution becomes increasingly viable. To investigate the feasibility of such an approach, AAFC acquired a multifrequency and multipolarization SAR data set over a Canadian test site. Crop classifications were performed using multitemporal L-band data acquired from the Advanced Land Observation Satellite (ALOS) Phased Array type L-band SAR (PALSAR) and integrated with multiple acquisitions of C-band data from Envisat ASAR and RADARSAT-1. The research compared the classification accuracies achieved with a multifrequency data set to those reached using C-and L-band data alone. The study also assessed the necessity of continuing to include optical imagery in the crop classification.
All PALSAR data were acquired in polarimetric mode. These data provide a unique opportunity to assess the use of multitemporal L-band decomposition parameters for crop classification. Decomposition parameters provide information on the relative contribution of various scattering mechanisms. For vegetation canopies, scattering behavior can be expected to be related to overall biomass, as well as the crop structure. As yet, the assessment of decomposition parameters derived from single dates of airborne L-band data has provided modest classification accuracies [18] [19] [20] . Thus, the AAFC research presented here also compares classification results using multidate PALSAR-derived decomposition parameters from three different decomposition approaches, namely, Cloude-Pottier [21] , Freeman-Durden [22] , and Krogager [23] . The classifications produced using these decomposition parameters were reviewed in light of those achieved using C-and L-band multipolarization backscatter data. In this region of private land ownership, the main crops grown include corn, soybean, cereal (wheat, barley, and oats) and pasture forages. Only one crop is planted during the relatively short May to October growing season. Fields in this region of Canada generally follow the lot and concession boundaries of the original land surveys and tend to be small in size (15 hectares on average).
Throughout the 2006 growing season, satellite data were acquired from Landsat-5, as well as several SAR sensors (RADARSAT-1, Envisat ASAR, and ALOS PALSAR). Acquisitions were targeted throughout the cropping season to capture the key signatures of the growth cycle (Table I) . All available cloud-free (less than 20% cloud cover) Landsat Thematic Mapper (TM) imagery was purchased. The SAR imagery acquired over the eastern Ontario site included three PALSAR polarimetric data sets, at a nominal incidence angle of 21.5
• . Both level 1.1 and 1.5 PALSAR data were accessed through the Alaska Satellite Facility (ASF), which is the ALOS North American data node. Level 1.1 data are range and azimuth compressed complex data, in slant range. These data were used to assess the value of polarimetric decomposition variables for crop identification. Level 1.5 data are multilook processed onto map coordinates and are easily integrated with other georeferenced image data. The PALSAR data were not corrected for Faraday rotation. According to ASF, the Faraday rotation of the PALSAR data used for this paper were under 2
• , which is well below any critical thresholds. Consequently, for this specific data set, the impact of Faraday rotation was deemed negligible.
Ground truth data were acquired to both train the supervised classification model and test the accuracy of the resultant maps. Data were collected on a field-by-field basis through an in situ survey. The fields were chosen to represent the crop distribution for this site and to cover the entire extent of the classified region. A total of 224 fields were surveyed over multiple visits during the growing season to record changes in crop phenology (Table II) .
A weather station was positioned at the center of the study site. Every 30 min, this station recorded a number of meteorological parameters, including precipitation and air temperature. These data confirmed that no precipitation occurred at the time of the SAR acquisitions. However, of note for August 19 is that 11.8 mm of rain fell within a 1-h interval, 6 h prior to the PALSAR acquisition. The air temperatures in this 6-h period ranged from 19
• C to 22
• C.
B. Image Data Preprocessing
Land use classification usually requires the integration of images from different temporal acquisitions and, as in this study, the integration of data from disparate satellite platforms. To facilitate this integration and the use of the ground reference data, satellite data were orthorectified using the platform ephemeris information and models of internal sensor distortion, ground control points (GCPs), and digital elevation models. The models of internal sensor distortion were not available for PALSAR; thus, these images were georeferenced using a polynomial function and GCPs. For Level 1.1 PALSAR data, the range and azimuth spacing, nadir angle, and satellite altitude were obtained from the product format description and image volume files. Using these parameters, these data were converted from slant to ground range in preparation for georeferencing. A nearest neighbor resampling method was applied to all data, with the root mean square error for the overall model under one pixel. Atmospheric correction was applied to all Landsat data to retrieve the at-surface reflectance using the ATCOR algorithm [24] . As implemented in PCI Geomatica, ATCOR uses the MODTRAN 4.2 radiative-transfer code for the radiance to reflectance conversion.
For the purpose of image classification, aside from the georeferencing of the SAR data, little preprocessing of the RADARSAT-1, ASAR, and PALSAR (level 1.5) imagery was required. The RADARSAT-1 data were processed by the Canadian Data Processing Facility and the ASAR data by the European Space Agency PF-ASAR processor. Speckle is a phenomenon of coherent systems, and the use of SAR data in classification models requires that a radar adaptive filter be applied. The choice of the kernel size largely depends on the characteristics of the target. Speckle reduction must be achieved without significant suppression of target information. With median field widths of 150 m, a kernel size of 3 × 3 was chosen for this eastern Ontario site. The adaptive radar filter Gamma-MAP was selected as it is effective at reducing speckle while preserving linear features in the radar data [25] . The filter was run twice (once on the unfiltered image and a second time on the output from the first filtering pass).
C. Derivation of Polarimetric Decomposition Parameters
Both coherent (Krogager) and incoherent (Cloude-Pottier and Freeman-Durden) decompositions were performed on each PALSAR image using the PolSARpro software. Upon the ingestion of the Level 1.1 data, PolSARpro converts the PALSAR data to the 3 × 3 complex coherency matrix. PolSARpro then creates binary files corresponding to the various polarimetric descriptors for the different decomposition approaches. The software requires that a boxcar filter be applied when the decompositions are performed. Georeferencing, as previously described, was performed following decomposition. In order to further decrease speckle, a second adaptive filter (enhanced Lee with 3 × 3 kernel size) was applied prior to classification.
Cloude-Pottier decomposes the coherency matrix into three eigenvectors and eigenvalues, with the eigenvectors describing the scattering mechanisms and the eigenvalues quantifying the strength of the scattering mechanism [26] . Three parameters are derived from these eigenvectors and eigenvalues, namely, entropy (H), anisotropy (A), and alpha angle (α). Entropy describes the randomness of scatter and the alpha angle the dominant scattering mechanism. Anisotropy represents the relative power of the second and third eigenvectors. High A indicates the presence of only one strong secondary scattering process, while low A indicates the additional contribution of a third scattering process [19] . In the Krogager decomposition approach, a symmetric scattering matrix is decomposed into three coherent components, which have physical interpretation in terms of diplane, sphere, and helical targets [19] . The Freeman-Durden decomposition models the covariance as the contribution of three scattering mechanisms-double-bounce, volume, and surface scattering mechanisms [22] .
Alberga et al. [20] explain that coherent methods assume that the scattering within a resolution cell is a result of the interaction with only one or few point scatterers, and with these methods, phase is measured and analyzed. Coherent decompositions are most often applied to man-made targets. Incoherent decomposition methods perform an initial averaging of the returned signal, and thus, the direct reference to the phase of the elementary targets is lost [20] . Decomposition approaches such as Cloude-Pottier and Freeman-Durden provide a measure of the relative contributions from different scattering mechanisms. Although incoherent methods may be considered more suitable to describe the scattering behavior of natural targets, Alberga et al. [20] assert that, regardless of whether the target is natural or artificial, the classification performances of coherent and incoherent parameters are often comparable. Based on this observation, both coherent and incoherent decomposition methods were deemed of interest and were assessed with respect to classification performance.
D. Image Classification
Between 2004 and 2006, AAFC acquired RADARSAT-1, ASAR, and optical imagery over five agricultural test sites across Canada. The purpose of this activity was to develop a robust methodology to classify crops using an integration of both SAR and optical imagery [8] . As part of this research, three supervised classification methods were assessed to determine the most accurate for cropping systems typical of Canada. These methods included a maximum likelihood classifier (MLC), a neural network classifier (NNC), and a decision tree (DT) classifier. The DT method [27] provided consistent overall classification accuracies and crop level accuracies. In particular, the DT classifier performed well when SAR data were included in the classification. Based on these results, the DT classifier was adopted for use in this paper.
The DT method is a multivariate model based on a set of decision rules defined by combinations of features and a set of linear discriminate functions that are applied at each test node [28] . Decision boundaries and coefficients for the linear discriminate function are estimated empirically from the training data. The DT classifier was implemented with the software See5 [29] . Within See5, the DT was run using boosting over five trials. Boosting weights the individual elements of the training data, forcing the classifier to focus on poorly classified cases. DTs are constructed such that the statistical rules or branches of the tree are produced until the classification of the training data is 100% accurate. This can lead to an overfitting of the model since the subset of data used for model training will not be fully representative of the total population [27] . To avoid this overfitting, the DT was run using a global pruning of the model of 25%, which removes model branches that produce statistically insignificant improvements in accuracy. All the classifications were performed on a per-pixel basis without a null class, forcing all pixels in the image scene to be classified as one of the classes identified in the training data. To reduce bias, the training and testing pixels were selected from different fields. For each crop type, half of the fields were selected randomly for training the classifier, and the second half of the fields were reserved for testing.
The decomposition parameters were generated for each PALSAR acquisition. These parameters consisted of the alpha angle (α), entropy (H), and anisotropy (A) for the CloudePottier decomposition; the volume, single-bounce, and doublebounce scattering mechanisms for the Freeman-Durden decomposition; and the single-bounce, helical, and doublebounce scattering mechanisms for the Krogager decomposition. For each decomposition method, both single and multiple dates were input to the DT classification.
In practice, pixel-based classifiers often produce a "speckled" output with mixed pixels within a single agricultural field. This effect was remedied using a postclassification spatial filtering technique to create "segments," which are collections of spectrally similar and spatially contiguous pixels, using the software eCognition. A mode class was then assigned to each segment. Significant processing time is required to apply this final map filter. Consequently, segmentation was applied to only a limited selection of the "best" classifications. Comparisons among classifications are reported for the unfiltered map product. For each classification result, the producer's, user's, and overall accuracy statistics were generated using the fields reserved as validation data, and not used for model training.
III. RESULTS AND DISCUSSION

A. Crop Classification Using PALSAR Multipolarization and Multitemporal Imagery
A multitemporal and multipolarization L-band data set was capable of classifying hay-pasture, soybean, corn, and cereal crops to an overall accuracy of 70% (Table III) . As expected, classification performance clearly benefited from multiple acquisitions through the growing season. Overall, accuracies never reached much beyond 50% when only a single date of PALSAR was used in the DT classification.
Although the July 4 image provided the best overall results, the differences in classification accuracies when the individual dates were compared were small (Table III) . In contrast, C-band research has found that mid-to late-season SAR imagery was optimal for crop classification [8] , [16] , [30] . Structural differences between crops tend to be the most pronounced at this time of year as crops undergo seed development (corn and soybeans) and senescence and harvest (cereals). The date at which crops undergo these phenological changes is not fixed and varies due to local weather, soil, and management conditions. The 2006 growing season was somewhat atypical for this region due to an unusually warm spring. The Province of Ontario reported that excellent spring weather and good soil conditions led to early planting of corn, soybeans, and spring grains. This early start on the growing season would have created differences in the timing of crop development in 2006, relative to other years.
The precipitation event prior to the August PALSAR acquisition may have also impacted the crop discrimination observed with this late-season L-band image. Although air temperatures after this event were sufficient to dry the upper most part of the canopy, moisture was likely still present lower in the canopy. The impact of water on the canopy may enhance or degrade the classification of individual crops, depending on the way water is held on the plant parts and the frequency, polarization, and incidence angle of the SAR [31] , [32] . However, a decrease in the overall crop discrimination in the presence of water on the crop canopy has been observed [33] .
Classifications were also performed on multitemporal singlepolarization data sets (Table III) . Cross-polarizations (HV or VH) produced the highest accuracies of any of the L-band linear polarizations, much of the gain being evident in the better identification of the soybean class. At C-band, the crosspolarization has also been an important polarization for crop discrimination [5] , [6] , [8] , [34] . Cross-polarized radar returns are due to multiple volume scattering from within the vegetation canopy. As this polarization is sensitive to crop structure within the total canopy volume, it is a critical polarization for vegetation discrimination at L-band, as well as C-band.
The larger biomass crops (corn and soybeans) were generally well classified using all three dates and all L-band polarizations. The user's and producer's accuracies were 86% and 95% for corn and 73% and 70% for soybeans, respectively. Conversely, hay-pasture and cereals were poorly classified with accuracies less than 63%. With lower biomass (hay-pasture and cereals) and a less random vegetation structure (cereals), penetration into the crop canopy can be expected to include greater contributions directly from the underlying soil, as well as from vegetation-soil interactions. Freeman and Durden [22] discussed this increased soil contribution at L-band with short vegetation canopies. Hill et al. [15] reported a mixture of volume and surface scattering at L-band for pasture lands. For these hay-pasture and cereal crops, scattering contributions from the soil appear to contribute to class confusion. Thus, although multitemporal and multipolarization L-bands is able to adequately classify larger biomass crops, these data have difficulty classifying all crops.
B. Integration of L-Band SAR, C-Band SAR, and Optical Imagery for Crop Classification
Multitemporal and multipolarization C-band SAR data separated the four major crops with an overall accuracy of 81% (Table IV) . Three RADARSAT-1 (HH) and six ASAR (VV and VH) were needed to reach this accuracy. Overall, and for almost all individual crop comparisons, C-VV provided the highest accuracies. The cross-polarization delivered the next best result. Although many studies have found the cross-polarization to be the single best C-band polarization [4] [5] [6] , others report C-VV as the best polarization [35] . Divergence in these observations can be partially attributed to differences in the timing of the SAR acquisitions among these studies, as well as differences in the crops under investigation. Nevertheless, most studies have reported that the HH polarization is the least helpful. In this paper, when the three RADARSAT-1 (HH) images were added to the ASAR (VV and VH) images, little was gained with respect to overall accuracies (less than a 2% improvement). The HH polarization did help classify the lower biomass crops (haypasture and cereals), where increases in accuracy of 2% to 5% were observed. For corn and soybeans, a multitemporal VV and VH data set was sufficient. The ASAR data are more temporally rich than the RADARSAT-1 data (six as opposed to three acquisitions), and consequently, these polarization comparisons should be interpreted accordingly.
As with the L-band results, an early July ASAR C-band image (July 1) had the highest overall accuracy (68%). Later season images from August 5 and September 18 reported accuracies 11%-14% lower. to an early July acquisition [8] . As discussed with the L-band results, the early start of the 2006 growing season may account for the better performance of these earlier season images. These results stress the importance of adjusting SAR acquisition planning to local growth conditions rather than fixing acquisitions according to calendar date.
The overall accuracy statistic reported with the C-band data was approximately 10% higher than that reported with the L-band data. The importance of multitemporal data sets for crop classification has been discussed. With only three L-band images, direct comparisons to the results achieved with C-band could be biased toward this larger C-band data set. In order to more appropriately assess the classification performance as a function of frequency, ASAR (VV and VH) and PALSAR (VV and VH) images acquired close in time were used in the DT classifier. The images included the May 18 and July 5 ASAR, and the May 19 and July 4 PALSAR images. This comparison clearly defined the contribution of each frequency (Fig. 1) . While L-band most often outperformed C-band for larger biomass crops (soybeans and corn), this lower frequency could not match the accuracies produced using the C-VV and C-VH data for the lower biomass crops. Once again, these results suggest that, at L-band, contributions from the soil due to greater penetration into the canopy reduce accuracies for the hay-pasture and cereal crops. The PALSAR data were acquired at slightly steeper incidence angles (approximately 7
• steeper) relative to the ASAR data. These smaller angles would also promote deeper penetration into these crop canopies.
Polarization-specific results for L-and C-bands were compared (Tables III and IV) by limiting the C-band data to acquisitions similar in time to the L-band acquisitions (one image in each of May, July, and August). C-VV produced accuracies 10% higher than L-VV. However, for the other two polarizations (HH and VH), L-band results were superior to C-band by a margin of about 6%. In particular, L-HH and L-VH provided far superior results for corn.
The integration of L-band (VV and VH) and C-band (VV and VH) data provided an obvious benefit (Fig. 1) . Overall, accuracies increased by 10% when the PALSAR data were added to ASAR. Almost all crops were better classified. These results underscore the benefit of exploiting the crop-specific sensitivity of differing frequencies. With just these four dualpolarization SAR images, the overall accuracies reached 83%. The gain realized with a multifrequency and multipolarization data set is shown in Fig. 2 . With all C-and L-band data and applying a postclassification filter, an overall accuracy of 88.7% was reached. The user's and producer's accuracies were also significantly improved when both C-and L-band data were used; many of these individual class statistics were well over 90%.
With limited polarization and frequency diversity available from space-based SARs and the limited temporal dimensionality of most airborne campaigns, SAR data have, for the most part, been unable to match classification accuracies achieved with multitemporal optical data sets. In Table V , the overall and crop-specific accuracies achieved with three Landsat TM images are compared with those achieved with an L-and C-band SAR data set. This multifrequency and multipolarization data set provides the overall and crop level accuracies which are competitive with those achieved with the Landsat data. To gather such a SAR data set together still requires the integration of data from several satellite platforms.
The number of SAR acquisitions (12 in total) required to achieve 89% classification accuracy would present a challenge for operational implementation. SAR sensors, which are polarimetric capable (RADARSAT-2 and PALSAR), can provide all linear polarizations in a single data take, reducing the number of acquisitions required to build a multipolarization data set. Building the frequency diversity still requires acquisitions from multiple satellites. Although such a SAR data set can clearly produce good classification results, the integration of optical and SAR data remains an option. This is a particularly attractive approach given that highly varying cloud cover conditions make the successful acquisition of optical imagery unpredictable. Capturing critical stages in crop development is important, and as observed in Table VI , classification accuracies vary, depending upon the timing of the optical acquisition. Early-and mid-season optical images resulted in overall accuracies between approximately 68% and 75%. These earlier data benefited from the integration of either C-or L-band images. Accuracies improved by 9% to 15% when L-band data were used with one early-or mid-season Landsat image. When C-or L-band data were introduced with these single Landsat images, accuracies above 80% were reached. A late-season Landsat image provided accuracies above 80%, but the addition of C-band data was still beneficial.
C. L-Band Polarimetric Decomposition Parameters for Crop Classification
With polarimetric data from sensors such as ALOS PALSAR, users are no longer restricted to exploiting backscatter recorded for linear polarizations for the purpose of land cover and land use classification. Many parameters can be synthesized from polarimetric data. Specifically, characteristics that describe the relative strength and purity of microwave scattering can be derived from these complex data. The classification of these scattering parameters from single-date L-band acquisitions has delivered relatively poor results. Chen et al. [18] used the Cloude-Pottier parameters (H/α/A) and reported overall classifications of 32.5% and 52.6% using a maximum likelihood and a spatial-spectral classifier, respectively. The results reported by Alberga [19] were slightly better with overall accuracies for land cover classifications of 45.3% (minimum distance classifier) and 64.1% (MLC). Subsequently, with an NNC, Alberga et al. [20] achieved overall land cover classification accuracies of 48.8% using H/α/A and 70.9% using the Freeman-Durden decomposition parameters.
With the eastern Ontario PALSAR data, results comparable to these studies were produced using the single-date acquisitions (Table VII) . Overall, crop classification accuracies ranged from 53% to 65% using H/α/A within the DT classifier. Similar accuracies were observed with both the Freeman-Durden and Krogager parameters. When two or more dates of PALSAR data were used in the classifier, accuracies improved significantly. With all three dates, all decomposition approaches provided overall accuracies over 70% and above that achieved with the linear polarizations. The improvements in classification accuracies using the Cloude-Pottier and Krogager decompositions were most pronounced for the July acquisition.
While all decomposition approaches outperformed the classification of the linear L-band polarizations, gains were most noteworthy with the Krogager decomposition. With an overall accuracy of 77.2%, the Krogager parameters surpassed the accuracy of the linear polarizations by 7%. More modest improvements were observed using the Freeman-Durden and H/α/A parameters (4% improvement in the overall accuracy). At a crop-specific level, Krogager and H/α/A delivered higher accuracies for all crops relative to the linear polarizations (Fig. 3) . The largest increases in accuracy over the linear polarizations were observed for soybeans and cereals. The user's and producer's accuracies rose 7%-11% (Krogager) and 8%-10% (H/α/A) for soybeans. For the cereal class, accuracies increased 10%-20% (Krogager) and 3%-7% (H/α/A). In addition, the Krogager parameters classified corn well (91% user's accuracy; 96% producer's accuracy). Soybean accuracies were 84% (user's) and 77% (producer's).
When the Krogager results were compared with those achieved using linear polarizations for all C-band data (nine dates), overall accuracies were higher for the C-band classification (Fig. 4) . However, exceptions were noted for specific crops. Even with fewer acquisitions, the Krogager parameters were superior for classifying corn and soybeans. The integration of the Krogager parameters with the C-band data improved the overall classification by 4%. However, although a data set that combines the Krogager parameters and C-band backscatter provides gains with corn and soybeans, the classification of the smaller biomass crops is best achieved using only the C-band data. When the Krogager parameters were integrated with L-band backscatter (all linear polarizations), no gain in the overall accuracy was achieved (77.2% using Krogager parameters and 76.6% using these parameters with the L-band linear polarizations).
D. Interpretation of Scattering Parameters
All decomposition approaches brought gains in crop classification when compared to results achieved with only the linear polarizations. A discussion of these scattering parameters assists in interpreting the contribution of these parameters to crop discrimination. The entropy and alpha angle values for all crops place these targets in zone 6 of the Cloude-Pottier H-α feature space. Entropy (H) characterizes the randomness of scattering occurring within a target. Values of 0.6-0.7 are typical of vegetated targets [21] . Entropy increased for corn as this crop evolved from emergence (0.59) to seed development (0.78) (Fig. 5) . Biomass increases significantly through the growing season for crops such as corn, and an associated increase in the randomness of scattering within these canopies would be consistent with these changes in biomass. Hay-pasture and cereals saw less dramatic changes in H through their crop development (increases of 0.05-0.06). The largest differences in entropy among the crops were observed in May. At this early date, vegetative growth had begun on the hay-pasture fields, while the annual crops were in varying states of emergence. During peak vegetative states (July-August), entropy provides less discrimination among crops.
Cloude and Pottier characterize "zone 6" targets as dominated by medium entropy surface scattering. The alpha angle offers some discrimination among all crops throughout the growing season. In May, the mean alpha angles ranging from 26
• (corn) to 37
• (soybean) indicate that scattering from the soil is an important contributor at this period of crop emergence, as would be expected (Fig. 5 ). This would be particularly true at the longer L-band wavelength. The alpha angle peaks in July for cereals and in August for corn and soybeans, a period of peak biomass development for each of these crops. These maximum alpha angles barely place these targets in the zone of medium entropy vegetation scattering (zone 5), indicating that dipole scattering is not a strong contributor even at peak growth. Targets characterized by more significant vegetation structures, as found in forest cover, will produce alpha angle responses of around 45
• [36] . The alpha angles in May and August separated corn and soybeans from the lower biomass crops (hay-pasture and cereals). In July, cereals had a distinct alpha angle "signature."
Anisotropy (A) values describe the relative strength of secondary and tertiary scattering mechanisms [19] . When A is zero, all three eigenvectors contribute equally to scattering from the target. Increasing anisotropy points to greater multiple scattering. High anisotropy suggests that only the secondary scattering mechanism is important; low anisotropy suggests that a third mechanism is also contributing. Discrimination with anisotropy appears limited to soybeans early in the season. The interpretation of the anisotropy values can be difficult. Medium anisotropy, as observed with these crops, indicates that more than one scattering mechanism is contributing, but it is not obvious whether one or two additional mechanisms are present [19] . The Freeman-Durden decomposition provides relative contri- butions of scattering mechanisms typical of distributed targets, namely, double-bounce, single-bounce and volume scattering mechanisms. The plots of these relative contributions assist in interpreting the importance of these secondary and tertiary mechanisms (Fig. 6) .
All crops fall within the same class of scatterers. Differences in the relative contributions of scattering mechanisms among the crops, although evident early in the season, are less pronounced once canopies are fully developed. All three mechanisms contributed to scattering from these crops, although the contribution from double-bounce scattering was small. The greatest contribution was observed in August, where 18% of the scattering from corn was attributed to double bounce. Doublebounce scattering is a result of corner-reflector effects, as often observed in forests due to ground-trunk interactions. In most cases, however, only 10%-15% of the scattering for all crops and at all periods in the growing season was double bounce. In contrast, both single-bounce and volume scattering mechanisms made important contributions to scattering from these vegetated targets. Early in the season, single-bounce scattering was the dominant mechanism for all crops except soybeans. In this region, soybeans are often seeded into untilled or lightly tilled corn residue left from the previous year's crop. The amount of corn residue can be significant, and it is possible that these residues may be contributing to greater volume scattering on these soybean fields. Single-bounce scattering is often associated with direct scattering from the soil. Nevertheless, direct scattering also occurs from the upper most part of vegetation canopies [37] . By early July, single-bounce scattering still dominated, but greater contributions were observed from volume scattering as the crop canopy developed and more multiple interactions occurred among the randomly oriented canopy components. In August, at the point of peak biomass for corn and soybeans, contributions from single-bounce scatter were diminished. The contribution of single-bounce scattering for hay-pasture and cereals remained relatively unchanged from July. In July and August, 50%-60% of scattering can be traced to either double-bounce or volume scattering mechanisms for corn, soybeans, and cereals. For hay-pasture fields, 50%-55% of the scattering is still single bounce. Low biomass in these hay-pasture fields is maintained through twice annual cutting.
IV. CONCLUSION
Mapping and monitoring changes in the distribution of cropland have provided information that aids sustainable approaches to agriculture and, coupled with forecasting capabilities, supports early warning of threats to global and regional food security. Satellites can provide critical information to support these initiatives, particularly if data from SAR sensors are used to augment optical acquisitions during periods of significant cloud cover. Successful crop classification has been demonstrated when optical and SAR data are used within an integrated data set. However, SAR-only approaches to cropland mapping often do not deliver the accuracies reported using multitemporal optical data.
The most important factor for successful crop discrimination is the availability of satellite data during critical periods in crop development, throughout the growing season. Even with such a temporal series of images, the collection of SAR data in multiple polarizations and/or multiple frequencies is required. Crop structures, which change rapidly through the season, create different scattering responses in different polarizations and frequencies. Many SAR sensors provide polarization diversity, and the new generation of SARs (RADARSAT-2 and ALOS PALSAR) is polarimetric capable. Diversity in frequency is still only attainable by integrating data from multiple satellites. This paper has tested the capability of ALOS PALSAR L-band data for crop classification. Three PALSAR images, as well as six ASAR and three RADARSAT-1 images, were acquired over a Canadian research site. The DT classifier used all three dates of L-band multiple polarization data, as well as decomposition parameters derived from PALSAR polarimetric data. These results were compared with those attained using C-band multipolarization data, and the performance of a multifrequency multipolarization data set was also evaluated.
Using all L-band linear polarizations, corn, soybeans, cereals, and hay-pasture were classified to an overall accuracy of 70%. A more temporally rich C-band data set provided an accuracy of 80%. Larger biomass crops (corn and soybeans) were well classified using the PALSAR data. The user's and producer's accuracies were 86% and 95% for corn and 73% and 70% for soybeans. Low biomass crops (cereals and haypasture) were not well classified, and these results were attributed to contributions from the soil at L-band. For these crops, C-band data were needed. With a multifrequency data set (C-band from ASAR and RADARSAT-1; L-band from ALOS) and applying a postclassification filter, an overall accuracy of 88.7% was reached. Many individual crops were classified to accuracies better than 90%. These SAR-only results were competitive with the overall accuracy achieved using three Landsat images (88.0%) and were also comparable at the individual crop class level.
With polarimetric data from sensors such as ALOS PALSAR, users are no longer restricted to exploiting backscatter recorded for linear polarizations for the purpose of land cover and land use classification. The parameters derived from three decomposition approaches (Cloude-Pottier, Freeman-Durden, and Krogager) were tested within the DT classifier. Using parameters derived from all three dates of polarimetric PALSAR data, all three decomposition approaches produced superior crop classification accuracies relative to those achieved using the L-band linear polarizations. Using the Krogager decomposition parameters, an overall accuracy of 77.2% was achieved. Although all crops fall within the same class of scatterers, the differences in the relative contributions of scattering mechanisms among the crops and over the growing season were sufficient for discrimination.
The results reported in this paper emphasize the value of polarimetric, as well as multifrequency SAR data for crop classification. With such a diverse capability, a SAR-only approach to crop classification becomes increasingly viable. Access to multipolarization data from both RADARSAT-2 and TerraSAR-X promises to further advance the use of SAR for agricultural applications.
